Abstract
Introduction
There has been growing interest among computer vision researchers in solving the problem of autonomous vehicle navigation. The knowledge of the vehicle's pose and motion is a prerequisite for the success of many navigational tasks such as feature tracking, moving object detection, obstacle avoidance, etc. Although the Inertial Navigation System(1NS) on board the vehicle can provide accurate altitude and motion information over short periods, they are not reliable over long periods due to sensor drifts. An independent estimate of the vehicle's motion can be combined with INS data to provide more reliable information.
In recent years, the wealth of information contained in long sequences of images has attracted the attention of computer vision researchers. Due to lack of knowledge of the forces and torques that result in the motion of an object, most kinematic-model based motion estimation algorithms assume a smooth trajectory over time in order to exploit temporal information [5, 6, 7] . However, for a vehicle moving through an outdoor environment, the on board camera undergoes non-smooth motion. The performance of algorithms which do not account for unstabilized components in the motion may degrade as noted in [a] . In order to describe the jerky movements of a vehicle, a two-wheel vehicle nnodel which can be found in the literature on optimal design of suspension systems is studied [l] . It accounts for two unstabilized components in the motion : bounce and pitch. To estimate these components, the equations of motion are first derived from the Newtonian law. Subsequently, assuming that a camera is rigidly attached to the vehicle and the 3-D coordinates of some landmarks are available (these can be obtained, for example, by a vehicle-. mounted laser range finder) , the relationships between the vehicular motion and image plane displacements of these landmarks are found. A recursive algorithm is then formulated, and an Iterated Extended Kalman Filter (IEKF) [3] is employed to estimate both unstabilized components. In addition to the visual information, inertial sensors such as accelerometers are also incorporated in our work:. Due to space limitation, only simulation results are presented. The robustness of the filter with respect to parameter mismatches is not addressed.
Vehicle Model
In order to account for some unstabilized components in vehicular motion, bounce and pitch, a twowheel vehicle model [l] are the characteristics of linear springs and shock absorbers that model the suspension system. WA and WB constitute the wheel base and consequently, specify the position of center of gravity of the sprung element (or vehicle body).
Assuming that each tire contacts the terrain through a point all the time, four degrees of freedom exist in the model : the displacements of unsprung elements (21, zz}, the bouncing displacement of the sprung element z, and the pitch angle 0. All of them are measured from corresponding static equilibrium points.
Since the pitching motion is usually small during the vibration, the small angle approximation is assumed t o be true in our work, i.e. M,fX,
where MB is the mass of the sprung element, and I is the corresponding moment of inertia with respect to the pitch axis. where 2 0 1 , 2 0 2 are the surface excitation inputs to front and rear tires, respectively.
Recursive Formulation
As seen from (a) , in order to use the kinetic model, a set of system parameters and terrain profiles are involved. Because of the difficulties in measuring them precisely, direct integration of (2) is not feasible. To account for these difficulties, accelerometers are assumed to be at our disposal and provide the accelerations of unsprung elements. Afterwards, an IEKF is applied to estimate unstabilized components. We describe the plant and measurement equations for the recursive algorithm in the following.
The Plant Equation
Since the velocities and displacements of unsprung elements are approximately known, the bouncing displacement and the pitching angle are remaining unknown quantities. Assume that the vehicle moves along a straight path with the constant forward speed w, and let the state vector 4 be defined as follows 
where g, are regarded as control inputs consisting of displacements and velocities of unsprung elements, i.e.
4 , = (21, il, 2 2 , i 2 ) (6) A, B are the plant and input matrices derivable from ( 2 ) ; is the plant noise with zero mean and covariance matrix Q,. The addition of plant noise takes into consideration the modeling error and the imperfect knowledge of vehicle parameters as well as the movements of unsprung elements.
The Measurement Equation
A sequence of images taken by a camera rigidly mounted on the moving vehicle provides visual information for estimating jerky movements. In order to exploit the information, the relationships between the state vector and the image plane coordinates of a set of landmarks need to be derived.
For clarity, define an inertial coordinate system 1 being fixed on the ground, and a vehicle coordinate system V moving with the vehicle with the origin at the center of gravity and axes coinciding with the principal axes of the sprung element. Then for the vehicle undergoing the bouncing and pitching motion as well as the constant longitudinal movement, its center of gravity, O V , follows the following trajectory in I , where h is the height of center of gravity when the vehicle is at rest.
Assume that a camera is fixed on the vehicle and has the same orientation as the vehicle coordinate system. Then, for a landmark P , the relationships between its inertial coordinates, PI = (XO , YO, 2 0 )~ , and the camera centered coordinates, P c ( t ) , can be found as follows :
(8) where R(B) aligns both coordinate systems I and V . do and d are constants which specify the position of the projection center of the camera in the coordinate system V .
After the camera centered coordinates have been obtained, the image plane coordinates of landmarks are obtained by applying the perspective projection formula.
Simulation Results
Using the parameters listed in Table 1 as nominal values, we present the simulation results for a stochastic excitation in this section.
For simplicity, the irregularity experienced by the front tire is modeled by a first order Markov process with coefficients depending on the surface roughness and the vehicle's forward speed in this work. Specifically, where n ( t ) is zero mean, white Gaussian noise with the variance equal to 2u2aw. The value of the coefficients, .Ol(t) = --a 21 "Ol(t) + n(t) (9) Since the vehicle is assumed to move along a straight path, the rear tire input is thus related to the front tire input as where L is the wheel base.
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*'Then through the integration of (a), the ground truths of state trajectories are obtained for evaluating the filter's performance and shown in Fig. 3 .
The bouncing displacement and the pitch angle (3 b Figure 3 : The behavior of the sprung element :
The bouncing and pitching velocities.
Subsequently, a set of landmarks is tracked over the sequence. Since the image displacements due to bouncing and pitching movements are very similar, it Table 2 are tracked over the sequence in the simulation. Note that in generating these landmarks, it is further assumed that the landmarks close to the camera are likely to appear in the lower part of the images at the beginning. And for simplicity, the landmarks are carefully chosen such that they remain in the field of view all the time.
As mentioned above, wheel movements need to be known in order to apply the IEKF. Since they are obtained from the integration of measured accelerations, errors are expectedl. The uniformly distributed errors with variances proportional to the true values are therefore added to model the uncertainties. For comparison, the resulting errors from the direct integration of (5) are shown in Fig. 4 .
After the measurements and control inputs are obtained, assuming that the vehicle is at the following state at the beginning (0.01, 0.1, 0.01, 0.1, 10.0) the bias and root-mean-squared errors from twenty Monte Carlo runs are shown in Fig. 5 and 6 . Since the estimate of the forward speed is quite accurate, the corresponding result is not shown here.
To compare with other kinematic-model based algorithms, a kinematic model which assumes that the 
-w is the plant noise
As seen from Fig. 5 and 6 , the IEKF reaches the steady state quite quickly. Both models provide good yet similar estimates for the x c ( t ) and B(t). This is due to the direct relationships between corresponding states and measurements. As for the other two states, k e ( t ) and e ( t ) , it is clear that the kinetic model outperforms the kinematic model because of improved modeling. In addition, it is observed that the estimates of e(? and e(t) are more accurate than the estimates of 2, t) and i c ( t ) since measurements provide more reliable information in estimating the pitching motion.
